A new structure classification scheme for biopolymers is introduced, which is solely based on mainchain dihedral angles. It is shown that by dividing a biopolymer into segments containing two central residues, a local classification can be performed. The method is referred to as DISICL, short for Dihedral-based Segment Identification and Classification. Compared to other popular secondary structure classification programs, DISICL is more detailed as it offers 18 distinct structural classes, which may be simplified into a classification in terms of seven more general classes. It was designed with an eye to analyzing subtle structural changes as observed in molecular dynamics simulations of biomolecular systems. Here, the DISICL algorithm is used to classify two databases of protein structures, jointly containing more than 10 million segments. The data is compared to two alternative approaches in terms of the amount of classified residues, average occurrence and length of structural elements, and pair wise matches of the classifications by the different programs. In an accompanying paper (Nagy, G.; Oostenbrink, C. Dihedral-based segment identification and classification of biopolymers II: Polynucleotides. J. Chem. Inf. Model. 2013, DOI: 10.1021/ci400542n), the analysis of polynucleotides is described and applied. Overall, DISICL represents a potentially useful tool to analyze biopolymer structures at a high level of detail.
■ INTRODUCTION
Biopolymers like proteins and DNA are essential building blocks of all living organisms and understanding how they fulfill their biological functions is one of the most important tasks in life sciences. It is a widely accepted fact that many of the biopolymers (like proteins, RNA, oligosaccharides) form complex threedimensional structures, and this structure is essential for their biological function. 1−3 To understand how structure defines function, it is often segmented into smaller parts and grouped together into structural classes based on common properties. Good examples are proteins of which individual functions are tied to separate domains, which may be recognized by a number of properly organized, smaller, secondary structure elements (helices, strands, turns, and coils). The structure of a biopolymer is usually classified based on even smaller segments and properties that are readily calculated from the 3D structure, like backbone hydrogen-bonding and backbone dihedrals.
The most basic secondary structure elements were originally derived from the structure of α-keratin and β-keratin 4 during the early 1950s, and were named α-helix 5 and β-sheet, 6 respectively. The highly repetitive nature and regular patterns of both hydrogen bonding and backbone dihedrals of these structure elements allowed identification even at low resolutions. The classical treatment of the protein secondary structure (α-helix, βsheet, and random coil) already led to the discovery of key concepts in protein architecture (such as domains, and folds), but the technical advancements in X-ray crystallography and spectroscopic methods soon revealed new, less regular structural elements. While most of the newly discovered structural elements were nonrepetitive, comparative studies of protein structures showed that they are well-defined and not random at all. The most important group of these structural elements can be defined as tight turns. While defined in various ways since 1968, 7−11 the importance of the turn structures (especially βturns) is to connect the strands of the β-sheets and α-helices and to allow the formation of folds and domains. The second group of new structural elements can be defined as distortions of classical α-helices (like the 3 10 -helix 12 and the π-helix 13 ) or βsheets (like the β-bulges 14 ) . Structural elements of this second group are important both because of the functional role of the distortion and because of the structural stress they can remove from the overall fold of the proteins.
Structure-based classification programs are best established for protein analysis, and the most widespread method is called DSSP (Dictionary of Secondary Structure for Proteins). 15 This protocol uses the hydrogen bonding patterns along the protein backbone for classification and is quite robust in discriminating α-helices from β-strand structures, while also providing insight on the presence of turns. In recent years, protocols to improve the protein structure classification have been proposed, such as the STRIDE algorithm 16 (STRuctural IDEntification), which combines hydrogen bonding and backbone dihedrals φ and ψ to provide further details. While (φ,ψ) backbone dihedrals are well known to be characteristic for the protein shapeand are often used by crystallographers to refine X-ray and NMR modelsto our knowledge no purely dihedral-based classification tool exists for detailed protein structure classifications. However, Hollingsworth et al. recently provided an in depth 4D clustering study based on the (φ,ψ) pairs of tetrapeptide segments within proteins 17 (Figure 1 ). This work suggests that tetrapeptide segments are already characteristic for secondary structure and that a purely dihedral-based approach is possible for classification.
Here, we introduce a new segment-based structure classification protocol, which classifies biopolymers based on their backbone dihedral angles. We refer to it as DIhedral based Segment Identification and Classification or in short DISICL. The DISICL protocol is designed for the detailed comparison of multiple similar structures or to monitor dynamic changes of a biopolymer during molecular simulations. To demonstrate the potential of the approach, we perform a large-scale analysis on two databases of proteins downloaded from the Brookhaven protein database 18 and an analysis on a set of selected protein simulations. 19 Classifications are compared to the results of the already well-established analysis tools DSSP and STRIDE. The aim of this newly introduced classification method is to provide an alternative way to interpret the structural information stored in the 3D models and simulations. The quantitative comparison with different classification methods should help to decide on the most suitable approach for specific needs and not to judge the correctness of one approach. As classifications are always a matter of definitions, we emphasize that there is no "correct" or "wrong" answer. In the accompanying paper, 20 we extend the DISICL approach to the classification of polynucleotides and perform a similar analysis of DNA and RNA. The first application of a preliminary version of the DISICL algorithm was used to study the fine structural differences of Cytochrome C molecular dynamics in the oxidized and reduced state. Observations were correlated to a combined IR/Raman correlation spectroscopy approach to monitor the protein structural changes upon oxidation. 21 ■ METHODS Data Sets. For the purpose of testing and comparing different classification algorithms, two large-scale protein data sets were obtained from the Brookhaven protein databank (PDB, http:// www.rscb.org). 18 Both data sets were selected from all PDB entries available on October 23, 2012, using the following criteria. (1) Entries show at most 30% sequence identity. (2) Entries contain only one type of biopolymer. (3) Entries obtained from X-ray crystallography have a resolution of 0.8−2.0 Å.
One data set contained structures obtained from X-ray crystallography (Prot_Xr) and another one from nuclear magnetic resonance experiments (Prot_NMR). The resolution range for X-ray structures was chosen such that the backbone dihedrals can be reliably determined, but the number of alternative locations for groups of atoms in the data set is kept low. Prior to the analysis, alternative locations, nonstandard residues, cofactors, and nonbiopolymer elements were discarded. Multiple chains and multimeric structures were retained, but residues were renumbered to avoid identical residue numbers from different chains. Only those models were considered for which all three programs could classify at least one residue; the others were discarded. While this approach decreased the number of analyzed residues, combined NMR and X-ray data sets still provided about 10 million applicable segments of four residues. Further details are provided in the protein data set section of Table 1 .
DSSP Algorithm. For comparison purposes, a publicly available version of the original algorithm of Kabsch and Sander 15 was downloaded (http://swift.cmbi.ru.nl/gv/dssp). DSSP is based on a hierarchical classification of hydrogen-bonded patterns along the protein backbone. First, the presence of hydrogen bonds is determined by an energy function, which allows for some deviation from the ideal backbone atom distances and bond angles. Second, local hydrogen bonding (within five residues) is recognized as 3-, 4-, or 5-turns, while hydrogen bonds further away are classified as bridges. In the third step, consecutive turn patterns are recognized as helices (3-, 4-, or 5-helix), and consecutive bridges are classified as β-strands. Finally, if no well-defined pattern can be found, but the Cα atoms around the residue shows a local curvature of more than 70°, the structure is classified as a bend. The DSSP algorithm provides seven classes (3-helix, 4-helix, 5-helix, β-strand, β-bridge, turn, and bend), which gives a clear separation between α-helices and β-strands and readily maps the connection between interconnected β-strands. Differentiation of parallel and antiparallel beta sheets is not performed by the algorithm but should be straightforward based on hydrogen-bonding patterns. The DSSP algorithm slightly favors certain classes (such as the 4helix) because of its hierarchical nature, and finer details of the structure (like different turn types, left or right handed structures) are often lost. The downloaded algorithm only handled the first chain of each PDB entry, which led to a significant reduction of the analyzed structures for the X-ray protein data set. STRIDE Algorithm. The program STRIDE is based on a similar approach as the DSSP algorithm but uses backbone dihedral angles as weighting parameters to sharpen the separation of αand β-structures and gain additional information about turn structures. STRIDE was optimized to reproduce the visual assignments of well-trained crystallographers and tends to assign classes to ends of secondary structure elements, where DSSP is less robust. The STRIDE algorithm 16 is freely available through a Web server (webclu.bio.wzw.tum.de/stride), and on request, the source code is also provided. The standard output of STRIDE contains seven classes (3 10 helix, α-helix, π-helix, βstrand, β-bridge, turn, and coil), which can be directly compared to the results of DSSP; the only significant difference lies in the coil structure, which contains everything that does not fit into any other class. In addition, STRIDE provides a more detailed classification of turns based on four amino acid segments, which contain various turn types (β turn types I, IV, VIII, Schellman turn, Gamma turns, etc.).
DISICL. This section describes the basic approach of our new dihedral angle-based classification tool, DISICL. The basic idea behind the algorithm presented in the current work is that the dihedral angles of a biopolymer backbone are characteristic for its shape, and if sufficiently long segments are taken, these alone can describe its shape and structure. DISICL was inspired by the work of Hollingsworth et al., who performed a large-scale 4D clustering study based on 76,000 ordered tetrapeptide segments. 17 Interestingly, a similar tetrapeptide segmentation is used in STRIDE to obtain more detailed classification of turn structures. More than 100 observed clusters were reported, 17 of which many had strong preferences toward specific secondary structure elements. The four coordinates of clustering were the two (φ,ψ) dihedral angle pairs of the central residues of the segment (the peptide bonds of the flanking residues are required for a complete definition of these angles, see Figure 1 ), which are the very same angles used in Ramachandran plots. On the basis of the observed cluster centers and the density map of this twodimensional dihedral space, we defined 13 "Ramachandran" regions (shown in Figure 1 and Table S1 , Supporting Information), which can be used to classify the segments into 18 different structural classes. The region definitions are given by rectangular areas grouped together to distinguish most of the cluster centers specific or selective for secondary structures, and at the same time, they cover the most densely populated areas of the dihedral angle space. Individual regions do not have overlaps in the (φ,ψ) space, and any combination of two subsequent pairs of (φ,ψ) angles that fall into specific regions leads to a single secondary structure assignment for the segment.
The classification by DISICL is performed in the following way: (1) Calculate the appropriate dihedral angles for the given biopolymer segment. (2) Assign central residues to the regions in the dihedral angle space. (3) Classify segments based on the regions assigned to the central residues. (4) Move on to the next segment. Figure 2 shows a flowchart representation of the DISICL approach. Most of the region ( Figure 1 and Table S1, Supporting Information) and class definitions ( Table 2) can be directly derived from the clusters described by Hollingsworth et al. 17 with two exceptions. No cluster centers were defined for regions δ2 and γx, even though they show a moderate population in the (φ,ψ) dihedral angle space. On the basis of the position of these regions and preliminary tests of the classification libraries, these were associated with the π-helix and inverse γ-turn, respectively. While the 18 defined classes provide a very good resolution on the change of the backbone shape, it may sometimes be preferable to summarize the structure with less detail, for example, to compare to DSSP. Hence, we grouped similar classes together to make a simplified classification library with only seven classes. The detailed and simplified protein classes of DISICL are shown (along with their abundance and average length) in Table 3 . A more detailed description of the newly introduced, or less known DISICL classes, and the logic behind the grouping for the simplified library can be found in the Results and Discussion section. Implementation. Currently, the DISICL algorithm exists as a number of independent python scripts, which can carry out the classification of individual structures or simulation trajectories in standard pdb 1.0 format. The standard output of these modules include the time series of residues for each class and a statistics file containing the residence time in all classes for each analyzed residue. This output information can be easily processed further by other programs. In addition, a script was written that allows direct visualization of the classification in Pymol 22 (images in Figures 3−5 were made using this script). These modules are combined into a package that can be automated or used independently as modules and which can be downloaded at http://disicl.boku.ac.at. Furthermore, DISICL will be integrated into the GROMOS++ analysis package 23 in the near future.
Comparison Studies. All structural models were analyzed separately by the applicable classification algorithms. As the different programs produced output in different formats, all results were ordered into identically formatted data series. The data series contained the name of the class along with all the residues in the model that belonged to that class, segment-based classifications were assigned to the first central residue. Second, the data series of all models were collected and combined into a single data set for each of the individual algorithms, containing elements a nj , which was assigned the value 1 if residue n was member of the class j. For segment based assignments a value of 0.5 was assigned to both central residues, if it was compared with a residue-based method. Tables 3-4 show the abundance (occ j ), and average length (L j ) of each structural element, which were calculated based on the number of residues in the class (N j ), the number of interruptions (N j int ), and the total number of residues (N sum ) according to eqs 1-4. 
Note that for segment-based classifications, the average length was increased by 1, so that the first and last residues with a value of 0.5 are fully counted. To compare the various classification algorithms, the correlation matrices of algorithms were calculated, containing the correlation scores C ij where i and j marks the i th class of the first algorithm and the j th class of the second algorithm, respectively. Three types of correlation scores were used: Pearson correlation (R ij ), match score (M ij ), and scaled match score 
While the R-score drops quickly with the amount of mismatches (or different average occurrences of classes i and j), a large positive R-score is still a good measure to determine correspondence of different algorithm classes. The unscaled match score (M ij ) is calculated using eq 6 and represents the absolute number of residues assigned to class i in one algorithm, and to class j in the other algorithm.
The M-score is additive, which makes it possible to group classes or track distributions of correlations for one class. The scaled match scores (M s ij ) provides a better comparison between algorithms and is calculated by eq 7.
In words, the scaled match score is obtained by dividing the observed match (M ij ) between two classes with the maximal theoretical match (M max ). For comparison of two residue-based methods or two segment-based methods, M max is equal to the size of the smaller data set.
However, when comparing a segment-based method with a residue-based one (mixed comparison), the maximal match is defined as
The mixed comparison analyses include (1) DISICL classes vs DSSP or simplified STRIDE classes and (2) detailed STRIDE classes vs simplified STRIDE or DSSP classes. Table 3 . Highlighted areas are colored to match their respective structures. To summarize comparisons, the weighted average of the scaled match scores were calculated for helical classes, β-strand classes, and turn classes (see Table 1 , methods agreement). Additionally, the weighted average of all these superclasses and the scaled match score for unclassified residues was calculated to obtain an overall match between methods. The grouping for superclasses is provided in Table S2 of the Supporting Information. ■ RESULTS AND DISCUSSION DISICL Protein Classes. Most of the newly introduced structural classes are connected to transitory areas apart from more conventional structural elements (α-helix, β-strands, and βturns). The helix-cap class (HC), for instance, is based on a collection of clusters in the study of Hollingsworth et al. that are specifically found prior and sometimes after helical structures most often α-helicesand possibly play a role in the formation of such structures. The clustering study also revealed typical backbone elements next to β-strands and β-turns (grouped together as β-caps, BC) and the β-turns type I and III (turn-caps, TC). While most of the cap structures typically appear when less ordered protein sections turn into more ordered structural elements, the bulge class (BU) marks a residue with α-helical dihedral angles, which is inserted into an ordered β-strand or reversed.
There are eight types of β-turns (I, II, III, IV, VI, VIII, I′, II′) having similar i − (i + 3) hydrogen bonding, differentiated mainly by their backbone dihedrals. 24 Six of the β-turns are covered by the detailed DISICL classes. β-turn type III is identical with the 3 10 -helix (3H), while type I′ and II′ are left handed structures, shown as left-handed helix (LH) and left turn II (LHT). The missing β-turns are type VI, which is not considered because it requires a cis-proline, and the turn type IV, for which no typical dihedrals could be defined as it represents every turn that does not fit into any of the other turn classes. It remains difficult to differentiate between β-turn type I and III (or 3 10 helix), as their clusters are close and not distinctly differentiated. In the simplified classification, these turn types are grouped together.
Additionally, a number of other tight turns were found to have selective clusters in the (φ,ψ) dihedral space. These are the normal and inverse γ turns (GT), which have typically i − (i + 2) hydrogen bonding, the Schellman turn (SCH), which is known to terminate α-helixes, and a 2:2 hairpin (HP), which is a tight turn usually connecting β-strands.
The PP helical class represents the π-region of the dihedral angle space, which borders the area associated with the normal beta strand (NBS). This class was defined to be representative for the polyproline helix (PP), although it is not highly selective, and typically also appears in areas where a regular β-strand is broken. It was grouped together with the bulge to form the irregular βstructures.
Classification Comparisons. The classification study of proteins was carried out on the Prot_Xr and Prot_NMR data sets by three different algorithms DSSP, STRIDE, and DISICL. Table 1 shows the summary of results for this study. Despite the fact that X-ray structures were about four times longer on average, two-thirds of the analyzed residues originated from the NMR data set because of the high number of models per database entry (multiplicity). The multiplicity of the Prot_Xr data set is slightly below 1.0 (0.94) because most X-ray PDB entries contained only one model and some had unrecognized formatting, so no models were found in them. In terms of structural elements, the two data sets were not highly different, although the slightly longer average length of the secondary structure elements and the lower percentage of unclassified or coil structures (17% vs 26%) show that X-ray models on average are more ordered. Because this difference can be easily explained by the differences in the experimental methods, the data sets were combined for the further analysis of the classifications.
The "methods performance" section of Table 1 shows the number of residues that could be handled by each algorithm (data set size) and its percentage with respect to the overall data set (completeness). Only those models were considered for which all three programs can classify at least one residue. The algorithms assigned a meaningful structural classification to 73− 80% of the handled residues (classification ratio), and the rest of residues were marked as unclassified (DISICL), coil (STRIDE), or were left out from the results (DSSP). Considering every factor, STRIDE was the most effective in assigning classifications with 79% of the total data set, while DISICL and DSSP classified 71% and 60%, respectively. The lower percentage for DSSP is largely explained by the fact that it cannot always handle multiple chain models. A brief overview of the agreement between algorithms for the indicated superclasses is also provided in Table  1 under the section "methods agreement". The table contains the weighted averages of the scaled match scores between corresponding classes. The precise grouping of superclasses is provided in Table S2 of the Supporting Information. The helical match was calculated based on the match between 3-helical turns/3-helix classes, α-helical/4-helix classes, and α-helical/5helix classes. Helical structures are most well ordered and well described both in terms of hydrogen bonding and of backbone dihedrals, which is reflected in the remarkable agreement between the classification algorithms, where even the worst average agreement amounts to more than 80% of the theoretical maximal agreement. The beta-strand match was calculated based on the agreement of β-strand classes and agreement between βbridge classes for STRIDE and DSSP. Agreement between the algorithms ranges from 74% to 97% with slightly less agreement between DISICL and the other two programs as for helical classes. The agreement between Turn structures ranges from 33% to 69%, displaying that turn classification is the most challenging task for proteins and also represents the greatest difference between the DSSP algorithm and STRIDE. The overall match summarizes agreement between algorithms, calculated from the weighted average of helical match, betastrand match, and turn match, plus the scaled match score between unclassified/coil classes. STRIDE and DSSP show the strongest agreement (82%), which is not surprising considering the shared principle work mechanism. Also unsurprisingly, DISICL agrees more with STRIDE (78%), which also takes backbone dihedrals into account, than with DSSP (69%), which is mostly based on hydrogen bonds. It is important to mention that some classes in the algorithms had no analogs and were not explicitly represented in this summary. For instance, the irregular β-structures of DISICL, consisting of the bulge and the polyproline region classes, do not show distinctive hydrogen bond patterns and agree best with unclassified/coil structures of DSSP and STRIDE. Similarly the β-bridge class agreed reasonably well between STRIDE and DSSP (65%) but had no real correlation in terms of dihedrals. The bend structure of DSSP shows significant correlations with the various turns of DISICL and STRIDE but also strong correlations with unclassified structures. On the basis of the R-score correlations, we assigned the DSSP bend structures to the turns in the DSSP− STRIDE comparison but did not include them in the final comparison between DSSP and DISICL. In the following, we describe the detailed correlations between helical, strand, and turn structures, as well as the differences between occurrences and average structure lengths. Helical Structures. Here, we compare the abundance, average length, and agreement scores of helical structural elements of the different algorithms (3-helix, 4-helix, 5-helix of DSSP and STRIDE; 3 10 -helix, α-helix, π-helix for DISICL; or 3-helical turns and α-helical class in the simplified library of DISICL). Table 3 displays the classification results for DISICL (both with the detailed and simplified library), and Table 4 shows the same results for DSSP and the simplified STRIDE algorithm. Interestingly, the amount of α-helix residues are very similar in the different algorithms, but the average helix lengths differ significantly (most obvious for the α-helix, where average class lengths are 7.1 (detailed) and 5.4 (simple) in DISICL vs 10.9 and 12.2 in DSSP and STRIDE, respectively). For the detailed Figure 3 ). For the simplified DISICL classes, the reason of the shorter average length comes from the very short but often occurring cap structures, which are grouped together with the more regular and longer structural elements.
There is also a significant difference in the occurrence and average class length of the other two helix types. The reason for this is again the hierarchical nature of hydrogen bond-based algorithms, as they slightly prefer the α-helix at the expense of other helix types (3 10 -helix and π-helix). The abundance of the 3 10 -helix is about 1.5 times higher for DISICL (3.8% vs 2.5%), as kinks and deformations in the middle of standard α-helices as well as at the ends are often classified as a 3 10 -helix. A similar but even more striking difference is observed for the π-helixwhich is still the rarest type of secondary structure element for all algorithmswhere the difference in abundance is at least one order of magnitude (0.4% vs 0.02% and 0.01% for DISICL, DSSP, and STRIDE, respectively). Additionally, the average length of the π-helix is around five residues (not counting the two flanking amino acids) in STRIDE and DSSP, while it is 2.3 residues in DISICL.
In terms of agreement scores (Tables S3−S8 , Supporting Information), helical classes are most robust over all algorithms, especially the α-helix. The scaled match scores between DSSP and DISICL amount to 85% for α-helices, and STRIDE agrees with both algorithms in more than 90% of the cases (as it is more abundant than both). The R-scores range from 0.6 to 0.9 (smaller data set on X-ray models for DSSP results in lower Pearson correlation scores for both comparisons). The 3-helix and 3 10helix classes share a moderate correlation with M s scores ranging from 40% to 75% percent and R-scores ranging from 0.25 to 0.65. The 3-helix also shares significant correlations with the α-helix and certain turns (especially the turn type I) and to a lesser extent the π-helix. The 3 10 -helix of DISICL is shared almost evenly between 3-helix and 4-helix structures of the other two algorithms, while also showing some correlation with turn classes. More surprisingly, the correlation between the π-helix in DISICL and 5-helix structures in DSSP and STRIDE is very low, amounting to only 10% of 5-helix. π-helix residues in DISICL are usually interpreted as 4-helix, bend, or turn structures in the other algorithms, while 5-helix residues of STRIDE and DSSP were mainly unclassified, α-helix, or caps according to DISICL. It is possible that the DISICL definitions for the 3 10 -helix and π-helix are ill placed; however, visual checks on the differently classified protein fragments often confirmed the existence of the i − (i + 3) or i − (i + 5) hydrogen bonds (many times in coexistence with the i + 4 hydrogen bonding) along with deformed helical structures. Recent literature 13, 25 also suggests a connection between helix deformations and the π-helix (and to some extent the 3 10 -helix), as well as their evolutionary and functional importance, and also presents the dihedral angle distribution for 2-, 3-, 4-, and 5-hydrogen-bonded distortions in α-helices. These Tables 3 and 4. distributions indeed agree well with the region definitions of 3 10helix and π-helix in DISICL.
The correlation scores show to what extent classifications agree, but as any classification depends on definitions, its correctness can only be interpreted through examples and how well they meet those definitions. Figure 3 shows six example structures where classification algorithms gave different answers. Panel A of Figure 3 shows a structure that was assigned as a 5helix by both DSSP and STRIDE. While this protein fragment clearly shows a nonhelical backbone, visual checks indeed reveal two consecutive hydrogen bonds between flanking residues normally found in 5-helices. On the other hand, a true 5-helix structure is shown in panel B, which shows a completely uniform (i + 5) hydrogen bonding. It is known that 5-helices have a nonuniform backbone dihedral distribution, which is reflected in DISICL by an alternating pattern of αand π-helix segments. The examples in panel C and D show distortions in regular α-helices, which DISICL defines as a π-helix; both of these structures feature a complex hydrogen bonding pattern. In light of the examples shown in panels B, C, and D of Figure 3 , the present DISICL definitions of different helical classes are successfully identifying changes and distortions in the 3D structure of helical protein elements, but further optimization and/or visual checks might be required as the definition of different helix types may overlap. Panels E and F of Figure 3 show the minimal structure of DISICL for an α-helix. Panel E shows a complete α-helix, where a single irregular residue was deleted during the structure preparation step. The tetrapeptide segment marked on the left retained its α-helical dihedrals, but was only left with one (i + 4) hydrogen bond flanking it and as such was classified as turn by both STRIDE and DSSP. While this example might be called artificial, a very similar segment is shown in panel F, which also shows a single flanking hydrogen bond and the preferred backbone dihedral angles of an α-helix. Despite the discrepancies that were mentioned above, which are usually due to the different priorities in the classification algorithms, the major proportion of helical protein elements is identified correctly by all three algorithms.
Beta Structures. The second major type of secondary structural elements is formed by the β-structures, mostly consisting of β-strands and β-sheets. β-strands are well known for their distinct distribution in the (φ,ψ) dihedral space, as well as their regular backbone hydrogen bonding connecting the individual strands into β-sheets, frequently playing critical functional roles in proteins. As shown in Tables 3 and 4 , βstrands take up roughly 20% of the residues in our protein data set and have an average length of 4−5 amino acids according to all classification algorithms. The area for β-structures in the (φ,ψ) distributions could be differentiated further to separate the normal β-strands from distorted structures and turns. On the basis of the cluster centers reported by Hollingsworth et al., DISICL divides the classical β-strand definition into a normal βstrand and the extended β-strand classes related to the β1 and β2 regions. Besides the β-strand classes, there were certain turn definitions (γ-turns, β-turns, tight hairpin, etc.), which are connected to this area of the dihedral space, as well as the bulge and polyproline-like classes. Dividing the β-strand into two separate classes also decreased the average class length in the detailed DISICL algorithm, while for the simplified library the presence of individually occurring β-caps decreased the class length to some extent compared to the DSSP and STRIDE βstrand structures. The irregular β-structures took up about 5% of the residues, with a short average length of 2.2 residues. In terms of correlations, the β-strand classes show a good correlation with R-scores ranging from 0.55 to 0.9 and M s -scores of 75−98% (Tables S3−S8 , Supporting Information). The β-bridge classes in DSSP and STRIDE are moderately correlated with the DISICL β-strand in terms of the M s -scores (∼35% of β-bridges), and about 28% of the DSSP β-bridges were recognized as strand by STRIDE. The DISICL irregular β structures show moderate correlations with the unclassified/coil classes in the other two algorithms and also with turn classes to a lesser extent. The polyproline-helical class shows weaker correlations with bend structures in DSSP, while the bulge class showed a similar correlation with β-strand structures of both STRIDE and DSSP.
Examples of β-structures are shown in panels A−D of Figure 4 . Panel A shows a β-sheet structure, where colorings mark the detailed DISICL classification. While all three β-strands have a certain twist in the backbone, extended β-strand segments give the two strands on the edges an extra curvature not observed in the middle strand. Panel B shows a protein fragment that was unclassified by DSSP or STRIDE but was considered as an extended β-strand by DISICL. While this segment lacks the proper backbone hydrogen bonds with another β-strand, its linear structure is partially stabilized by side-chain interactions. Bulge class elements are usually deformations in β-strands; panel C shows two examples (at the end of the strand and in the middle). The bulge segment within the β-strand did indeed protrude from the regular plane of the strand and changed the direction of it without breaking the hydrogen bond pattern. The protein fragment shown in panel D was found by searching the polyproline-helical class in DISICL. While this stretch indeed featured two prolines and a helical structure, the class definition is not highly selective and contains a large set of different conformations often flanking β-strands. However, this class also often showed helical characteristics and was indeed highly enriched in proline residues.
Summarizing the observations on β-structures described above, classification of DISICL differs slightly from the results of DSSP and STRIDE. While correlation of β-strand elements is still very high, DISICL effectively identifies distortions in βstrand structures, while also pointing at several special structural elements in the β dihedral region.
Turn Structures. The third type of secondary structure elements shows the widest variety of hydrogen bonding and dihedral angle patterns, building loop structures that connect the linear structural elements, ultimately playing a very important role in the fold and functionality of enzymes. While loops are deemed generally flexible, less ordered, and structurally less important than α-helices and β-sheets, there are many examples in which a small modification on the loop structure can compromise the fold of the full protein or when loops have functionally important roles (such as kinase loops, antibody variable regions, HNH activation loop 26−28 ). To fulfill their roles in the protein, loops can have their own shape-stabilizing backbone and side-chain interactions including hydrogen bonds. While these interactions are usually more complex than those of the more linear structure elements, loops may be broken down into smaller structural segments (such as turns, caps, etc.). Turn structures were originally defined by the hydrogen bonding patterns as well [β-turns typically have i − (i + 3) hydrogen bonding, for instance], but the importance of the backbone shape was also realized and described by the dihedral angles of the turn structures. Six β-turn definitions are described by DISICL (see above), which correspond to broadened turn definitions of Wilmot and Thornton. 8 Approximately 5% of the residues were classified as β-turns by the DISICL algorithm (not including the 3 10 helix), with average class lengths usually only slightly above two residues (or one segment). Additionally, the detailed DISICL library contains definitions for the sharper γ-turn and inverse γ-turn (grouped together in γ-turns class), the sharp 2:2 hairpin structure, and the Schellman turn, which were grouped together in the "other tight-turns" class in the simplified library (consisting of another 4.5%). The Schellman motif often appears as terminator of α-helices and contains very characteristic segments that were grouped together to form the Schellman turn class. The full motif starts from an α-helix with a turn type I or 3 10 helix segment, followed by two of the four Schellman turn segments, also represented in the average 2.6 residue length of the Schellman turn class.
Turn classes of DISICL have a relatively low level of correlation with the DSSP turn class, usually with an R-score of 0.13−0.3 and M s score of 20−60% (Tables S3−S8, Supporting Information). Turn type I shows a smaller correlation (20%) with the 4-helix, while the rest was distributed evenly between the 3-helix and turn classes. Some turns also show some correlation with the DSSP bend (generally M s score around 15%), while the γ-turn was mostly considered as unclassified [as it should have an i − (i + 2) hydrogen bond, which is not considered by DSSP]. The definition of the turn class is significantly different between the DSSP and the STRIDE algorithm, which is reflected in the abundance of the class (10% vs 24%, respectively). Match scores reveal a significantly higher agreement between the DISICL and STRIDE turn classes. For certain classes (like β-turn type II), the agreement can be as high as 90% of DISICL residues, but for the two most abundant turn types (Schellman turn and β-turn type I), M s scores remain around 45%, resulting in lower overall agreement. The STRIDE turn class shows the highest correlation with the DISICL turn classes, but 66% was still unclassified in the DISICL algorithm. Additionally, the STRIDE turn shows significant correlation with helix-cap (50%) and turn-cap (40%) classes (while the β-caps were mostly considered as part of β-strands), π-helix (40%), bulge (35%), and polyproline-like and 3 10 -helix (both 25%) classes. The correlation between the STRIDE turn class and the DISICL caps can be explained easily from the fact that caps are special turn structures found next to more common structural elements. When compared to DSSP classes, 70% of DSSP turn residues were also considered turns in the STRIDE algorithm, along with most of the bend (66%) and 5-helix (52%) residues, as well as a significant proportion of the unclassified (25%) and 3-helix (20%) classes.
Similar to the Schellman motif, it is often observed that loops consist of consecutive segments of turns and caps, such as shown in panel A of Figure 5 , depicting two α-helices and two β-strands connected by three loops. The figure also shows β-cap segments that are indeed introducing the β-strands of this structure. Panel B−E of Figure 5 shows four different loop segments from two (nonmultimeric) proteins, featuring a turn I−turn VIII motif, which nicely demonstrates how backbone dihedrals can describe the shape of loops. While the structure of the loop can change significantly if we add further turn segments, all four loops are very similar in the part where the turn I−turn VIII motif occurs, despite the fact that they do not share an identical amino acid sequence. On the basis of the examples shown above, the detailed turn class definitions of DISICL are useful in monitoring loop structures of proteins, as well as to compare similar loop elements in different proteins.
Analysis of Simulation Trajectories. To validate the performance of DISICL when following structural changes during molecular simulations, we reanalyzed trajectories of MD simulations for six distinct proteins, formerly used to validate the 54A8 GROMOS parameter set. 19 The analysis was performed with both libraries of DISICL (summarized in Table 5 ), as well as DSSP and STRIDE (Tables S9 and S10, Supporting Information). While differing greatly for individual proteins, the overall content of structural elements was similar to the analysis of the PDB data sets for all three algorithms and the same holds for their correlations.
As a case study, we chose the analysis of the hyperthermophilic protein Sac7d of Sulfolobus acidocaldarius (SAC), as it contained both αand β-structural elements, and it showed significant structural change during the simulations. Figure 6 shows the occurrence of the secondary structure elements as defined by all three algorithms based on 2000 snapshots, sampled at 1 ps intervals from a 20 ns trajectory. The general features of the SAC protein appear in all three structure classification plots, namely, the three-stranded β-sheet in the middle of the sequence followed by an α-helix, which partially unfolds at the C-terminus. All three algorithms show instability in the first of the three βstrands during the third quarter of the simulation trajectory, as detailed in Figure 7 . While STRIDE shows a smaller change in stability of the strand, the β-strand of DSSP disappears over 50% of this time period. The DISICL algorithm shows a change in the backbone conformation, as the residues are classified mainly as βcap or polyproline-like structures (both are associated with βstructures) before the structure refolds into a regular β-strand.
Considering the details of the N-terminal part of the protein, DSSP classifies a short but stable β-sheet based on the hydrogen bonding. In this region, STRIDE shows a similar but less stable sheet with an increased proportion of turns, while DISICL classifies the structure predominantly as mixture of β-caps, polyproline-like structures, and γ-turns. Visual checks confirm the hydrogen bonds as well as the extremely distorted nature of these β-strands ( Figure 6D ).
■ CONCLUSIONS AND OUTLOOK
We have introduced a new structure classification algorithm, DISICL, which performs the classification of short biopolymer segments based on dihedral angles within the segment. We demonstrated the potential of the algorithm by performing a large-scale classification of protein models found in the Brookhaven Protein Databank and a comparative analysis for a set of six simulation trajectories using DISICL and two already established algorithms (DSSP and STRIDE). The comparison included the amount of handled and classified residues and average occurrence and length of structural elements represented by the classes, as well as pairwise matches of the classes between algorithms. The analysis provided useful information and general visualization of the DISICL classes and showed that the algorithm stood its ground against similar methods in terms of classification efficiency, while providing a higher level of structural detail. We propose the DISICL algorithm as a useful tool for molecular simulations, where this higher level of detail might provide a better insight on the dynamics and interactions of biopolymers and a better comparison to structural information obtained from advanced spectroscopic methods. 
